Perception reflects not only input from the sensory periphery, but also the endogenous neural state when sensory inputs enter the brain. Whether endogenous neural states influence perception only through global mechanisms, such as arousal, or can also perception in a neural circuit and stimulus specific manner remains largely unknown. Intracranial recordings from 30 pre-surgical epilepsy patients showed that endogenous activity independently modulated the strength of trialby-trial neural tuning of different visual category-selective neural circuits. Furthermore, the same aspect of the endogenous activity that influenced tuning in a particular neural circuit also correlated with reaction time only for trials with the category of image that circuit was selective for. These results suggest that endogenous activity may influence neural tuning and perception through circuit-specific predictive coding processes.
3 different categories of stimuli and separately for the cortical circuits selective to these categories without bias. Analyses identified 246 iEEG electrodes selective for one of these visual categories that were then used for the primary analyses examining the effects of endogenous activity on category selectivity. These iEEG electrodes were distributed across the cortex, though concentrated in the bilateral ventral temporal cortex (VTC) (Fig. 1, Table 1 ). Three main hypotheses were tested sequentially: 1. endogenous activity modulates the strength of category tuning in response to visual stimuli; 2. the same aspect of the endogenous activity that modulates tuning also correlates with behavioral perception in a region-by-stimulus specific manner, where endogenous activity in regions selective for a particular stimulus will only correlate with behavior for that stimulus (e.g. endogenous activity in regions selective for faces will correlate with behavioral performance for face stimuli); 3. the aspect of endogenous activity that modulates tuning and behavior is uncorrelated across regions selective for different visual categories. Support for these three hypotheses would suggest that endogenous fluctuations can modulate stimulus-specific visual category tuning, the same aspect of the activity that modulates tuning also influences behavior, and that this modulation does not reflect an unspecific phenomenon, such as arousal, but rather differentially and independently influences circuits selective for different categories of visual stimuli. Additional analyses elucidated further details about what aspects of the endogenous activity modulate stimulus-specific category tuning and behavior.
Previous studies in humans have established the relationship between features of endogenous activity and the evoked response, including oscillatory phase and power/amplitude of the event-related response (19) (20) (21) or blood oxygen-level dependent (BOLD) signal (22) .
While these studies show that endogenous activity may affect the stimulus evoked response, they 4 do not establish whether it can modulate the quality of the neural representation for stimuli in ways that are related to perception, such as the strength of tuning for particular stimuli. A common way to study population-level neural tuning is to use a multivariate discriminant model to assess the separability of the population neural activity with regard to different categories (23, 24) . Specifically, discriminant models extract critical dimensions in the space of evoked response that discriminate the preferred category from the others (24).
To evaluate the modulation effect along the critical discriminant dimensions, prestimulus activity, including single-trial field potential (stFP), single-trial broadband highfrequency activity (stBHA), and phases at different frequencies, was used as a proxy for the endogenous neural state of the brain at the time of stimulus presentation. Specifically, a model was used to modulate classification boundary along the critical discriminating directions, based on the pre-stimulus activity, and the resulting improvement in accuracy was examined. Because the pre-stimulus activity contains no information about the conditions (see supplemental results), the only way classification accuracy can be improved using this model is if the pre-stimulus activity contains information about how strongly tuned the stimulus response along the critical dimensions will be on a particular trial.
The algorithm is designed to use this pre-stimulus information, if it is present, to adjust the classification boundary, i.e. trial-by-trial tuning, in the discriminant dimension on each trial to optimize classification. Comparing classification accuracy with and without this adjustment tests the first hypothesis that endogenous activity modulates neural tuning. In addition, this adjustment provides a trial-by-trial measure of how much influence endogenous activity has on neural tuning, which we term the "modulation index" (MI). The correlation between MI and behavioral reaction time on a simple perceptual task tests the second hypothesis that the same 5 aspect of the endogenous activity that modulates tuning also correlates with behavioral perception. Comparing the correlation of the MI between pairs of electrodes that record from areas selective for the same versus different categories of visual stimuli test the third hypothesis that the aspect of the endogenous activity that modulates tuning is stimulus-specific and thus uncorrelated across circuits selective for different stimuli.
The results indicated that conditioning the model on pre-stimulus activity improved the classification accuracy for all visual categories, compared to the classification accuracy using only post-stimulus activity ( Fig. 2A , Table 1 ). One potential confound is the pre-stimulus activity could reflect cognition related to the previous trial and particularly repetitions of the same condition. For example, if subjects were presented two face trials in a row, the pre-stimulus activity for the second trial could reflect lingering activity from the first trial. This potential confound was addressed by demonstrating that classification accuracy improves with inclusion of the pre-stimulus activity, even after accounting for trial order effects, particularly repetitions of the same condition (Table S1 ). These results show that critical features of pre-stimulus activity relate to the strength of neural tuning and that modifying the discriminant model based on this relationship improves classification accuracy. Therefore, these results support the first hypothesis that endogenous activity modulates the degree of category tuning in response to visual stimuli.
The strength of tuning is believed to reflect the quality of the neural representation (25) , which in turn influences the quality of perception (26) (27) (28) . To make a connection between the aspect of endogenous activity that modulates tuning and perception, the degree to which the algorithm adjusted the classification boundary on a trial-by-trial basis was determined (the aforementioned "modulation index"; MI). The MI was correlated to reaction times for the 6 "preferred" condition for each electrode (face trials for electrodes recording from face selective regions, word trials for electrodes recording from word selective regions, etc.), but not the "nonpreferred condition (non-face trials for electrodes recording from face selective regions, etc.; Fig   2B) . Furthermore, reaction times were 18.7 ms faster on average for the bottom quarter of trials than the top quarter of trials indexed by MI for the preferred condition, but was not significantly different for the non-preferred condition (Fig. 2C) . These results show that the same aspect of the endogenous activity that influences tuning in a region also correlates with the trial-by-trial response time on a perceptual task in a region-by-stimulus specific manner, which supports the second hypothesis.
While the majority of the category-selective electrodes were located in the VTC, similar effects are seen in the non-VTC recordings as well. Specifically, the mean sensitivity index d' = 1.00 and 0.83 with and without conditioning on prestimulus activity respectively (t(15) = 3.76, p = 0.002); the reaction times were 55.9 ms faster on average for the bottom quarter of trials than the top quarter of trials indexed by MI for the preferred condition (did not reach p < 0.05, but the effect is in the same direction as in VTC).
If fluctuations of endogenous activity can influence neural coding and behavior in a stimulus-specific manner then these fluctuations should be uncorrelated across regions selective for different visual stimulus categories. In particular, endogenous fluctuations could be a reflection of changes in global cognitive state, such as arousal, or general task effects, such as changes in alertness. In these cases, the MI would correlate across the brain involved in the task, regardless of category-selectivity of a particular region. However, cross-electrode correlation in MI was weakly, though statistically significantly, correlated only between electrodes that share the same category-selectivity and not for electrodes of different category-selectivity ( Fig. 2D ). 7 Significantly larger correlation was seen between electrodes of the same category-selectivity than electrodes of different category-selectivity ( Fig. 2D ). As a result, the endogenous modulation is partially a reflection of correlated fluctuations within category-specific networks (although the effect size is weak), but it does not seem to be a reflection of non-specific processes, such as arousal or alertness, because correlations are not seen across all category selective electrodes, which supports the third hypothesis.
The results above support our three major hypotheses and shows that pre-stimulus activity can influence neural tuning and behavior in a stimulus-specific manner. A number of questions regarding the nature of the endogenous activity that influences tuning and perception remain. To evaluate the contribution of different aspects of the endogenous features, the same model was applied using different subsets of the pre-stimulus features. This analysis showed that the pre-stimulus stFP, which is dominated by the low frequency component, the pre-stimulus stBHA, which reflects the power of high frequency broadband activity, and the pre-stimulus oscillatory phase all contributed to the modulation of category tuning (Fig. 3A) . The trials were then ranked by their MI and the mean and standard deviation in their pre-stimulus stFP and stBHA were compared. The bottom quarter of trials had significant lower mean and variance for both stBHA and absolute stFP during the pre-stimulus period, compared to the top quarter of trials ( Fig. 3B ). Given that lower MI trials corresponde to shorter RTs, the decreased prestimulus mean and variance may be an indication of lower endogenous noise (29) or fluctuations of stimulus-specific attention (30), which leads to shorter RTs. A further analysis into the distribution of non-zero weights in the sparse GLM suggests that the alpha/beta phases, peaked at 15 Hz, showed a consistent pattern of modulation on post-stimulus category tuning ( Fig. 3C ), suggesting a role for the phase of endogenous oscillations in this frequency range when visual 8 stimuli are presented. Recent studies have shown that deployment of endogenous attention reflects neural coherence in a similar frequency range as the one seen in the current study (31) , suggesting the prestimulus facilitation seen here may reflect an active neural process.
Previous studies have shown that infra-slow fluctuations of activity, seen in "restingstate" studies, are associated with fluctuations of behavior and perception(32-34). If the aspect of the endogenous activity that modulates tuning and behavior seen in the present study were a reflection of these intra-slow fluctuations, there would be significant auto-correlation within each channel between consecutive trials for the MI. The auto-correlation of MI across consecutive trials for each electrode was computed, and 40 out of the 246 electrodes (~15%) showed significant auto-correlation across trials at p < 0.05 uncorrected level ( Fig. 4 ). While this is more than would be expected by chance, it is a relatively small subset of the electrodes, suggesting that there is a mix of infra-slow and transient effects in the endogenous activity, with transient effects being the dominant proportion.
Taken together these results suggest a model for how endogenous states can influence neural activity to modulate the perception of specific visual stimuli. If the stimulus is presented when endogenous activity in regions selective to that type of stimulus is relatively low, as indicated by lower pre-stimulus mean and variance, and when the phases of endogenous oscillations in the alpha/beta frequency range are optimal, then neural tuning will be stronger and behavior will be facilitated. It has been suggested that endogenous fluctuations may reflect a priming-like pre-activation of a predicted stimulus (35) , for example a prior in the Bayesian sense(36). However, pre-activation would likely correspond to a higher pre-stimulus response in regions that process a particular stimulus type, not lower as was seen here. Prior studies in early visual cortex in monkeys also showed that lower pre-stimulus activity is associated with 9 improved tuning and behavior (16, 17, 37) . The results of the present study show that these faciliatory effects can be differentially focused in circuits associated with processing specific stimulus types in higher-level visual regions and in regions outside of visual cortex in humans.
Lower pre-stimulus mean and variance may reflect an optimization of the dynamic range or gain(37) potentially through normalization(38) in neural circuits responsible for processing particular stimulus types to enhance information pick-up for those stimuli(39). While reduced pre-stimulus activity and variance is not consistent with a priming-like prior, the results here do provide a potential foundation for endogenous activity to reflect predictive processing (18), though through a non-priming mechanism, such as circuit-specific optimization of processing.
Given the random stimulus presentation in the present study, facilitating one stimulus over another on a trial-by-trial basis does not provide a behavioral advantage. Therefore, it is unclear if the endogenous activity seen here reflects stochastic dynamics in brain circuits, such a fluctuations of neurotransmitter levels (40) , or strategic processes, such as fluctuations in stimulus-specific attention or preference (41) , that may reflect pattern detection and strategies primates adopt even when stimuli are presented randomly (42) . In natural contexts, free viewing, and other contexts where facilitating the process of particular stimuli may be advantageous, the stimulus-specificity of endogenous optimization may reflect a prediction of the next stimulus viewed based on internal models of the environment (35) . Active sensing in natural settings may organize the processes that underlie this optimization (43) and/or these active processes may synchronize to fluctuations in endogenous activity so that deployment of overt and covert attention occurs at temporally optimal times for information gathering(44). 10 Taken together, our results provide empirical support for a mechanism in which the present neural state influences the perception of sensory input in a stimulus-specific manner by modulating the tuning properties of neural circuits selective for those stimuli. Table 1 for detailed results; * p < 0.05, ** p < 0.01, *** p < 0.001) B) Trial-by-trial reaction time was significantly correlated to the MI for the preferred conditions across electrodes (mean Spearman's rho = 0.051, p = 0.0059, two-sample t-test), but not for the 14 non-preferred conditions (mean Spearman's rho = 0.0031, p = 0.71, t-test) and the correlation was greater for the preferred than non-preferred conditions (p = 0.017, two-sample t-test). None of the participants showed evidence of epileptic activity on the electrodes used in this study nor any ictal events during experimental sessions. 15 
Stimuli
In each session, 180 images of faces (50% male), bodies (50% male), words, hammers, houses, and phase scrambled faces were used as visual stimuli. Each of the six categories contained 30 images, and each image was presented twice. At random, 1/3 of the time an image would be repeated, which yielded 480 independent trials in each session. 20 
Paradigms
In the experiment, each image was presented for 900 ms with 900 ms inter-trial interval during which a fixation cross was presented at the center of the screen (~ 10˚ x 10˚of visual angle). At 19 random, 1/3 of the time an image would be repeated, which yielded 480 independent trials in each session. Participants were instructed to press a button on a button box when an image was repeated (1-back), and their reaction time between stimulus onset and button press was recorded.
Paradigms were programmed in MATLAB TM using Psychtoolbox and custom written code. All stimuli were presented on an LCD computer screen placed approximately 150 cm from 5 participants' heads.
Data preprocessing
The electrophysiological activity was recorded using iEEG electrodes at 1000 Hz. Common reference and ground electrodes were placed subdurally at a location distant from any recording respect to the mean and variance of the baseline activity to correct for the power scaling over frequency at each channel. The stBHA was sampled at 100 Hz.
The pre-stimulus phase information was also extracted from each trial. Specifically, discrete time Fourier transform was applied to the raw signal in the [-500, -100] ms time interval, which had a total length of 400 points sampled at 1000 Hz. As a result, the phase information between 5 0-1000 Hz was extracted with a step-size of 2.5 Hz. The phases from 0 to 150 Hz were used as the pre-stimulus phase features yielding 60 phase features.
To reduce potential artifacts in the data, raw data were inspected for ictal events, and none were found during experimental recordings. Trials with maximum amplitude 5 standard deviations above the mean across all the trials were eliminated. In addition, trials with a change 10 of more than 25 µV between consecutive sampling points were eliminated. These criteria resulted in the elimination of less than 1% of trials.
Electrode localization
Coregistration of grid electrodes and electrode strips was adapted from the method of Two-stage generalized linear model (GLM) 10 We designed a two-stage regularized GLM (logistic regression) model to evaluate the prestimulus modulation on category representation.
In the first stage, logistic regression was directly applied to the post-stimulus activity to extract the critical discriminant dimensions for category classification. In other words, we solved for the high-dimensional settings (48) . This results in a trial-by-trial neural metric, "#$ "#$ , which corresponds to the signed distance to the classification boundary and quantifies the post-20 stimulus category selectivity. 22 In the second stage, we fixed the optimal dimension "#$ * and optimized the model to modulate classification boundary along the critical discriminating directions found in the first stage, based on the pre-stimulus activity. Specifically, we solved JK" * = argmin -LM.
ℓN "#$ * , JK" P + G : ( JK" ) (Eq.2)
Where ℓN "#$ * , JK" P = − > N "#$ "#$ * − JK" JK" P + > log(1 + exp( "#$ "#$ * − 5 JK" JK" )), and : JK" ( JK" ) is a similar elastic-net penalty but with group structure to account for the phase features (see below for a detailed description of the penalty structure). This stage provides a neural metric JK" JK" in pre-stimulus activity that quantifies the amount of influence from pre-stimulus activity on the post-stimulus category selectivity on a trial-by-trial basis. We defined = JK" JK" as the pre-stimulus modulation index (MI). 10 We 
Cross-electrode correlation in pre-stimulus MI
To evaluate the spatial properties of the pre-stimulus modulation effect, we computed the correlation of the single trial pre-stimulus MI between category-selective electrodes in each 15 subject. For the i-th category-selective electrode, we got n = JK",n JK",n from the GLM. The cross-electrode correlation between two category-selective electrodes i and j was estimated by computing the correlation coefficient between n and q across all trials. To avoid confounding effect from local spatial correlation between two nearby electrodes, we only considered a pair of electrodes that were > 2cm apart from each other. For each subject, the mean 20 24 cross-electrode correlation was estimated by averaging the pairwise correlation coefficients across all such pairs of category-selective electrodes.
Permutation testing was used to test for significance of the cross-electrode MI correlations ( Fig. 2D) . Specifically, for each permutation, we randomly shuffled the category condition of all the trials and repeat the above analysis to compute the mean cross-electrode correlation 5 coefficients for electrodes with the same/different category selectivity. This process was repeated for 1000 times to get the histogram of the null distribution of the averaged correlation coefficient.
Autocorrelation in pre-stimulus MI 10 To evaluate the temporal properties of the pre-stimulus modulation effect, we computed the autocorrelation of the single trial pre-stimulus MI between consecutive trials with lags ranging from 1 to 20 in each category-selective electrodes. Specifically, for any given electrode, the autocorrelation with lag k is $ = Permutation test was used to test for significance of the differences in RT, pre-stimulus stFP, and pre-stimulus stHBA based on pre-stimulus MI in this study ( Figure 2B, 2C, Figure 3B ). In 25 order to construct a surrogated distribution of the pre-stimulus MI, in the i-th permutation we generated random projection weight vector (n) = [ 8 (n) , … , W X (n) ] ∈ ℝ W X , such that } (n) }~= p JK" p~. Specifically, let = p JK" p~, we randomly drew { 8 , … , ‚ } ⊂ {1, … , 8 }, and then J (n) ∼ (0,1) if ∈ { 8 , … , ‚ }, J (n) = 0 otherwise. Then we computed = JK" (n) and sorted the trials according to this permuted MI in order to compute the differences in RT, pre-5 stimulus stFP, and pre-stimulus stHBA between trials in the top quarter and trials in the bottom quarter. We repeated this process 1000 times for each electrode, and the histograms of those differences were used as the null distributions based on permuted pre-stimulus MI. 10 Classification using only pre-stimulus features
To validate that there was no discriminant information in the pre-stimulus activity, for each of the category-selective electrode, we trained a classifier using only the pre-stimulus activity.
Across the 246 electrodes no significant discriminant information was presented in the prestimulus activity (average d' = 0.023; t(245) = 1.44; p > 0.1). 15 
Concerns about category-level repetition
A possible confounding factor is the long-lasting activity from the prior trial, likely induced by the one-back task, which has been demonstrated in previous studies (49). This could become problematic when two consecutive trials shared the same category conditions but did not exactly 20 repeat at the exemplar level. However, as shown in Table S1 , with category-level repetitions 26 completely removed from the trials, similar modulation effects were still found when comparing the classification accuracy with and without conditioning on the pre-stimulus activity.
Predicting distance to post-stimulus decision boundary
In addition to the two-stage GLM presented in the main text, a linear regression model was directly applied to evaluate the relationship between pre-stimulus activity and the absolute 5 distance to the decision boundary in the post-stimulus discriminant model. Specifically, we solved the following linear regression problem:
ˆ" #$ "#$ˆ= JK" JK"
Similar to the main results presented in Figure 2 and Table 1 , we found significant correlation between pre-stimulus activity and absolute distance to the decision boundary in all categories 10 ( Table S2 ). This suggests that the pre-stimulus activity predicts the distance to classification boundary on a trial-by-trial basis.
15 
